Purpose The St George's Respiratory Questionnaire (SGRQ) has clearly acquired the status of legacy questionnaire for measuring health-related quality of life in patients with chronic obstructive pulmonary disease (COPD). The main aim of this study was to assess the underlying dimensionality of the SGRQ and to investigate the added value of the empirical weights used to calculate total scores. Methods The official Dutch translation of the SGRQ was completed by 444 COPD patients participating in two clinical studies. These data were used for secondary data analysis in this study. Three complementary statistical methods were used to assess dimensionality: Mokken scale analysis (MSA), parametric multidimensional item response theory (IRT) and bifactor analysis. Additionally, the original SGRQ weighting procedure was compared to IRT-based weighting.
Introduction
Since its introduction over two decades ago, the St George's Respiratory Questionnaire (SGRQ) has become one of the most widely used disease-specific quality of life (QoL) questionnaires in chronic obstructive pulmonary disease (COPD); it has clearly acquired the status of legacy questionnaire [1] [2] [3] . The SGRQ consists of a combination of yes/no and Likert type questions, which are grouped in subscales.
Both the SGRQ total score and subscale scores (Symptoms, Activity, Impacts) are widely used. However, the number of papers published on the factorial structure of the SGRQ is few in number. In one of the first publications about the SGRQ, Jones et al. [2] state that the SGRQ contained 76 items, and a principal component analysis (PCA) had been used to partition the questionnaire into three sections. Unfortunately, no details are provided regarding the PCA or how the authors came to the threefactorial solution. A little over a decade ago, the American translation of the SGRQ was introduced [4] ; several aspects of validity were documented, and some important changes were made. For example, the recall period was modified from 1 year to 4 weeks. However, the factorial structure was not investigated. In a more recent study [5] , the COPD-specific version (SGRQ-C) was introduced. To our knowledge, this was the first paper that employed a form of item response theory (IRT) [6] , to validate, improve and shorten the SGRQ. The authors used a Rasch model [7] , a one-parameter IRT model. They examined the fit of each item in relation to the subscale it belonged to. Hence, also this validation study did not investigate the factorial structure. All in all, there is little evidence to support the proposed three-factor structure.
Over the years, the SGRQ has been referred to as a QoL, health status (HS) or health-related QoL (HRQoL) instrument, among other things. Upon inspection of the questionnaire, it becomes clear that the items in the SGRQ can be considered a symptom/state checklist. The QoL aspect is contained by the weights. When calculating subscale scores or the total score, each answering category is multiplied by a specific ''empirically derived'' weight, which can be found in the manual [8] . The first papers published on the SGRQ provide some information regarding the development of the weights. Patients with asthma [3, 9] or COPD [2] were presented with each question/category in the SGRQ and asked to rate the distress they would experience if that state would be applicable to them. They rated this hypothetical distress on a 10-cm visual analogue scale (VAS), with end points ''no distress'' and ''maximum imaginable distress.'' Henceforth, the average distress scores obtained from these patients were used as weights. Jones et al. [1] stated that ''…the development of the SGRQ has shown that it is possible to produce a standardized measure of impaired health covering a range of disturbances to health and perceived well-being in patients…. '' Although their approach was firmly based in empirical research, resulting in weights that were based on patients' perspectives, it is assumed (by using the weights) that the distress associated with a symptom/state is the same for every patient. The authors reported large individual differences in distress scores associated with a given symptom/state, so the assumption clearly does not hold [3] . On the other hand, using the same weights for all patients allows for a straightforward comparison of scores. From a practical point of view, this is a very compelling argument. However, standardized weights could also be obtained by using factor analysis or item response theory (IRT) models. It remains unclear at this point, whether the empirical weights should be preferred over psychometrically derived weights.
Our motivation to evaluate the psychometric properties of the SGRG is twofold. Firstly, we are interested in the SGRQ as a stand-alone questionnaire, since it is often used in this way in research and clinical practice. Secondly, we want to establish its psychometric properties on item level, since we are considering using the items in a computerized adaptive test (CAT) to measure QoL in patients with COPD. Our main aim is to investigate two important aspects of construct validity. Our research questions are:
1. Is the underlying dimensionality best described by a one-factor, a multiple-factor solution or are both equally viable? 2. Do the empirical weights have added value over psychometrically derived weights?
Methods

Participants
We used data from two prior studies (the COPE I study and SMOKE study) involving Dutch patients with COPD for secondary data analysis. The second phase of the COPE I study [10] was a randomized, open, parallel-group single center study that compared the effect of a self-management program for patients with COPD with regular care. Followup was 12 months. At baseline of phase 2, 242 patients filled out the SGRQ (see Table 1 ). The main focus of the SMOKE study [11] was to compare the effectiveness of a newly developed smoking cessation intervention, SmokeStopTherapy (SST), with the ''Minimal Intervention Strategy for Lung Patients'' (LMIS). SMOKE was a randomized controlled multicenter trial with 1-year follow-up. At baseline, all 202 patients filled out the SGRQ (see Table 1 ). Note that the data of these studies were pooled prior to analysis.
Measures: the SGRQ
The SGRQ consists of 50 items, of which 11 are scored on a Likert scale and 39 dichotomously. Both a total score and three subscale scores (Symptoms, 8 items; Activity, 16 items; Impacts, 26 items) are usually calculated. The Symptoms subscale contains a recall period, which differs among versions (countries). For this study, the official Dutch translation of the SGRQ was used, which has a recall period of 4 weeks. The total and subscale scores are derived by using ''empirical weights.'' The score is then calculated by dividing the sum of the weights for all positive answers in the questionnaire/subscale by the sum of all weights for all items in the questionnaire/subscale and multiplying this number by 100.
Statistics
The dimensionality of the SGRQ was assessed using three complementary statistical methods: Mokken scale analysis (MSA), (multidimensional) IRT and bifactor analysis. A more detailed description of these methods, along with their respective strengths and weaknesses, can be found in the online supplement. Note that the analytic strategy was defined prior to viewing the data set.
Mokken scale analysis [12, 13] was applied using the R [14] package Mokken [15] . MSA is a non-parametric type of IRT analysis. In recent years, MSA has been increasing in popularity in QoL, psychiatric and medical research [e.g., [16] [17] [18] [19] [20] [21] [22] [23] [24] . MSA can be used to investigate the dimensionality (factorial structure) of the data and at the same time identifies scales that allow an ordering of individuals on an underlying one-dimensional scale using the unweighted sum of item scores. In order to determine which items cluster and form a scale, scalability coefficients are calculated. Similar to the item-rest correlation, the scalability coefficient (H) expresses the degree to which an item is related to other items in the scale. The scalability coefficient can be seen as a ''corrected'' correlation: The correlation between items is divided by the maximum expected correlation given the items' marginal score-frequency distributions. A scale is considered acceptable if 0.3B H \0.4, good if 0.4B H \0.5 and strong if H C0.5 [12, 13] .
We started with a confirmatory analysis. First, the total scale was analyzed, and subsequently, the three subscales were analyzed separately. Then, exploratory analyses were performed using the newly developed genetic algorithm (GA) that aims to find the optimal partitioning into Mokken scales by maximizing an objective function [25] . This function closely follows Mokken's intention that the first selected cluster contains the maximum number of items, followed by the second cluster and so on. Hence, the function reflects that an extra item in the first scale is more important than the number of items in the subsequent shorter scales. Following Sijtsma and Molenaar [13] , we ran the analysis several times in a row, each time increasing the lower bound scalability coefficient (also known as the user-specified constant, c). The resulting sequence of outcomes indicates whether the data set are one-dimensional or multidimensional [13] .
Parametric IRT models have the same basic assumptions as Mokken models: unidimensionality, monotonicity and local independence [26] . The main difference is that parametric IRT models are more restrictive than Mokken models with respect to the shape of the item characteristic curve, but have the advantage of allowing the item locations and estimated trait levels to be placed on an interval scale. Furthermore, multidimensional models can be estimated when using parametric IRT; this is not possible with MSA. In this study, the specific model used was the generalized partial credit model [GPCM; 27] for polytomous items and the extended multidimensional version of the GPCM. We investigated whether a model based on the three subscales which also took into account the correlation among the scales was to be preferred over a unidimensional solution, based on model fit statistics. Marginal maximum likelihood estimation was used. Model fit was ascertained by computing absolute differences between expected and observed item scores for high, average and low scoring individuals. An absolute difference smaller than 0.10 was interpreted as sufficient item fit [cf. 28, 29] . The parametric IRT analyses were applied using the software package MIRT [30] . Reise et al. [31] demonstrated that for quality of life questionnaires, bifactor analysis can provide additional evaluations that complement traditional dimensionality investigation [see also 32, 33] . Gustafsson and Å bergBengtsson [34] discuss the differences between a bifactor model and a correlated trait or higher-order model. The main distinguishing feature of the bifactor model is that the items load on both the general factor and so-called group factors. It can therefore be used to investigate to what degree item variance is due to a general factor or to specific group factors. When the loadings on the group factors are large as compared to the factor loadings on the general factor, this means that there are non-ignorable sources of variance that can be attributed to different constructs other than the general construct. If this is the case, subscales for specific symptom groups need to be considered. In this study, we used both exploratory and confirmatory bifactor analysis to evaluate the extent to which items loaded onto specific (group) factors when their relationship with the main factor was accounted for. For each model, we calculated the percentage of explained common variance (ECV) that was attributable to the general factor and to group factors [33] . For each factor, the ECV is the sum of squared factor loadings for that factor divided by the sum of all squared factor loadings (the common variance) for the model. Reise et al. [35] demonstrated that when the ECV for the general factor in a bifactor model is larger than 60 %, the factor loading estimates for a unidimensional model are close to the true loadings on the general factor in the bifactor model and can be interpreted as one construct.
We performed exploratory bifactor analysis for a twoand three-factor solution using the Schmid-Leiman procedure [for an explanation of this procedure see 33, 36] . We used a polychoric correlation matrix with the Schmid routine included in the psych package [37] of the R software program [14] . The confirmatory one-and bifactor models were estimated using MPLUS 4.1 [38] , and the mean and variance-adjusted weighted least squares estimation was used for all calibrations. We used the following fit indices and rules-of-thumb: the comparative fit index (CFI), good fit if CFI C0.95 and acceptable fit if CFI is between 0.90 and 0.95; the Tucker-Lewis index (TLI), good fit if TLI C0.90, and the root mean square error of approximation (RSMEA), good fit if RSMEA B0.06, acceptable fit if RMSEA is between 0.06 and 0.08 [39, 40] .
To investigate whether a weighted score was to be preferred over an unweighted score, one-parameter IRT models were compared to two-parameter IRT models. To gain more insight into the construct being measured by the SGRQ, the relationships among the SGRQ total score and theta scores based on a one-parameter (i.e., unweighted) versus a two-parameter (i.e., weighted) model were evaluated.
Results
Descriptive statistics for both samples can be found in Table 1 . The patients in the SMOKE study were younger, had better lung function (higher FEV1 %) and were mostly women. The mean differences in SGRQ scores between two samples did not exceed the minimal important difference (MID) of 4 [41, 42] , and the pattern of correlations among the subscales was highly comparable. Note that 2 % of the cells in the total data set were missing. Most of these cells pertained to questions that could be skipped if they were not applicable to the patient. The missings were coded as 0 prior to the analyses.
Dimensionality analyses
MSA
The H values for the total scale, as well as the Activity and Symptoms subscales were acceptable to good (0.307, 0.635 and 0.341, respectively). However, the Impact scale had an H-value of 0.268, which is considered too low. Running exploratory analyses for increasing values of c indicated a unidimensional pattern: Most items were placed in the first scale, some in a second scale and an increasing number was discarded. To obtain the ''optimal'' partitioning, we set the c-value to 0.3 and ran the GA 10 times. We selected the solution (see Table 2 ) with the highest value for the objective function (0.6612). This led to 17 items being excluded from the scale. The H-value of the resulting unidimensional scale equaled 0.407.
MIRT
The fit on item level was acceptable for most items under both the multidimensional and the unidimensional model; however, items 1, 2, 4 and 5 showed better fit under the multidimensional model compared to the unidimensional one (see Table 2 ). Correlations among the three dimensions were moderate to high: 0.538, 0.686 and 0.797 for Symptoms and Impact, Symptoms and Activity, and Impact and Activity, respectively. Furthermore, correlations between theta-estimates on the subscales for the model taking into account the relationship among the subscales (the multidimensional model) with the respective theta-estimates based on a model, where this relationship was not taken into account, were very high ([0.90). For five items, the absolute difference between expected and observed item scores was larger than 0.10. Upon closer inspection, it was found that the item difficulty thresholds for these items were not logically ordered.
Bifactor
The confirmatory factor analyses showed that the bifactor model had a good fit (CFI = 0.916, TLI = 0.954, RMSEA = 0.060), whereas the one-factor model had a poor fit (CFI = 0.802, TLI = 0.885, RMSEA = 0.095).
The general factor showed a high ECV (68 %). The three subscales Activity, Impact and Symptoms explained 10, 10 and 12 of the common variance, respectively. Items 43, 44 and 47-49 had to be removed from the analysis since they showed very high correlations with other items and caused computational difficulties. Of the 19 items that performed badly in the MSA/(M)IRT analyses, nine items exhibited group factor loadings that exceeded their loading on the general factor (see Table 3 ). Exploratory bifactor analyses resulted in a general factor with ECV = 48 % accompanied by 2 or 3 rather strong group factors. Note that the ECV for the general factor in the exploratory bifactor model was lower because items were allowed to cross-load on multiple group factors. In the exploratory bifactor model with two group factors (see Table 3 ), the items in the first group factor mostly related to impact of breathing symptoms on moderate to heavy activities (ECV = 32 %) and the second group factor to impact of breathing symptoms on light activities (ECV = 20 %). The explanatory three-factor bifactor solution (data not shown) more or less resembled the twofactor solution, with the exception that the second factor was now divided into two factors: The third factor (ECV = 11 %) seems to represent more specific pain or symptoms (due to the treatment).
Dimensionality and measurement precision of the ''good'' items
The 31 items that showed good psychometric properties in both the MSA and IRT analyses could be used as a unidimensional scale. This shorter scale contained only slightly less information than the full scale (see Fig. 1 ). Moreover, when the confirmatory factor analyses were repeated for this subset of items, it was found that both the one-factor and the bifactor models showed good fit, although the bifactor model showed superior fit (ECV general factor = 75 %). Exploratory bifactor analyses resulted in similar group factors as the analyses performed on the full item set. 
Weights
The fit on item level was better for the 2PL model than for the 1PL model, both for the total scale (50 items) as the shorter one (31 items). 1 Correlations between theta-estimates of the 1PL and 2PL model, the full scale and the shorter one, and theta-estimates and original SGRQ-scores were all above 0.90. As illustrated in Fig. 2 , the correlation between the original SGRQ-scores and the 1PL estimates was slightly weaker (0.90) than the correlation between the SGRQ-scores and the 2PL estimates (0.99). When inspecting the correlations among the discrimination parameters, difficulty parameters and the SGRQ category weights, we found correlations of the item parameters with the SGRQ weights of 0.45 and 0.40 for discriminations 2 and difficulty parameters, respectively, and a correlation between the two item parameters of -0. 15 . The values of the item parameters estimated under the unidimensional 2PL IRT model, as well as the SGRQ weights can be found in Table 4 .
Discussion
We investigated the factorial structure of the SGRQ using three complementary statistical methods. The findings of the MSA and IRT/MIRT analyses provided clear support for unidimensionality. The bifactor analyses indicated that Loadings that are higher than 0.60 are printed in bold, to indicate which items showed best discrimination on the general factor; to aid interpretation, item's loadings on group factors that were larger than that item's loading on the general factor are also printed bold GF general factor, F1-F3 subgroup factors Fig. 1 Test information functions (TIFs) based on unidimensional 2PL models, with information on the y-axis and estimated theta values on the x-axis. The black line shows the TIF for the total scale (50 items) and the dashed line for the shortened scale (31 items) there was a strong general factor, but the SGRQ did contain some multidimensionality; however, the existing subscales do not seem to capture it very well. Nineteen items showed inferior psychometric properties, based on the MSA and IRT results. Removing these items from the analyses did not negatively impact measurement precision. Users may consider using an abbreviated version instead of the fulllength instrument, either based on this study or a recent study by Meguro et al. [5] . Furthermore, the ''empirically derived'' weights used to calculate SGRQ-scores showed a strong relationship to the IRT item parameters, so we suggest SGRQ total scores and theta-estimates based on a 2PL model can be used interchangeably. The SGRQ has a long-standing reputation of being a valid and reliable measurement tool in many different German patients with either Asthma or COPD. He inspected corrected item-total correlations (''trennschärfe'') within the subscales and the correlation of each item with the total scores of the other subscales (''kreuztrennschärfe''). The pattern of correlations he found did not offer support for the multidimensionality of the SGRQ. By using a combination of appropriate exploratory and confirmatory, parametric and non-parametric, IRT and factor analytic models, as suggested by several researchers [e.g., 16, 18, 29, [59] [60] [61] [62] , we managed to obtain a comprehensive picture of the psychometric properties of the SGRQ. The results from the MSA, MIRT and confirmatory bifactor analysis suggest that (a shorter version of) the SGRQ can be used to calculate a total (unidimensional) score. The existing subscales performed quite poorly. However, the data did contain some multidimensionality, and ignoring this completely may lead to a decrease in reliability since the total score does not capture this multidimensionality. More research is needed to see how this multidimensionality could best be modeled and reflected in scores. The subscales suggested by our exploratory bifactor analyses could be tentatively labeled ''complaints hampering strong exertion'' and ''complaints hampering light exertion.'' A high score on the latter may be an indicator for (perceived) disease severity. It should be explored in future studies whether these subscales can be reproduced in other (larger) samples and whether these subscales make sense to patients and are useful for clinicians. In the meantime, the cautious user may prefer to refrain from using subscale scores.
Several items showed poor performance. Of the ten items omitted in the new version of the SGRQ [see 5], seven also performed badly in our MSA and IRT analyses. Strikingly, as many as six of the eight Symptom had low item discrimination parameters and poor item fit; this was most likely due to the breach of logical ordering in the threshold parameters. Interestingly, Meguro et al. [5] also reported this problem for six of the seven polytomous Symptoms items. They suggested collapsing response categories to circumvent the problem. Whereas this may be a statistically viable solution, the occurrence of the problem is still unexpected from a clinical standpoint. One would assume that a patient with higher HRQoL is more likely to answer in the lowest item category, in this case ''not at all.'' For a somewhat lower HRQoL, the most likely category would be the next-lowest one and so on. However, this was not the case for the aforementioned Symptoms items. For example, for the second item, ''Over the last 4 weeks, I have brought up phlegm (sputum),'' the most extreme category had a higher probability of being endorsed than the lower categories, even for patients that had high HRQoL. The middle category ''a few days a month'' never had the highest probability to be preferred over the other item categories, for any value of the latent trait. It should be noted that this psychometric finding could not simply be explained by a low count in some categories compared to others, which is often a reason to collapse answering categories. If the middle categories had barely been chosen, collapsing them would have been a straightforward solution. However, in this case, we argue that it would be more useful to conduct interviews with patients in a future study, to investigate what may be the explanation for the illogical ordering of the threshold parameters. An additional problem pertaining to the Symptoms items is that the recall period is not the same for all countries; so when making cross-cultural comparisons, or analyzing SGRQ data in multinational trials, it would be highly difficult to compare these items across countries. The recall period was actually omitted in the SGRQ-C; it is unclear whether this, by itself, would have resolved the item threshold issue.
Among the remaining items that performed badly was an item about employment and three items pertaining to medication. These items also caused trouble in the study by Meguro et al. [5] and were therefore not included in the SGRQ-C. Many patients with COPD are retired, so this may be a reason why the employment item performs badly. One may also argue that items pertaining to medication are measuring something quite separate from the rest of the items in the SGRQ, so it does not seem unexpected that these items had poor psychometric properties. Another item that performed badly was ''Walking up hills'' from Part 2/Sect. 2. This could possibly be a cultural finding; the Netherlands is a very flat country, with hardly any hills. Therefore, this item may have a different meaning to a Dutch patient than to a patient from another part of the world.
In this study, we used three sophisticated psychometric methods to investigate the psychometric properties of the SGRQ. It should be noted, however, that the sample size was on the small side when it comes to performing parametric IRT. Since it is often difficult to obtain samples of 500-1,000 patients in clinical studies, we think that this study adequately reflects what researchers in this field typically have to work with. Given these circumstances, it is all the more important to use complementary methods as was done in this study. Another limitation worth mentioning is that the analyses were based on pooled data. The two data sets were too small to run the analyses separately; hence, we were not able to assess whether the results might have turned out differently if only performed in one subgroup. However, the mean difference in SGRQ scores between the two samples did not exceed the MID of 4; moreover, the correlations among the subscales was highly similar in the two subsamples. Therefore, we felt confident to proceed with the analyses using the pooled data set.
The authors of the SGRQ took great pains to obtain weights based on empirical information [1] [2] [3] 9] . In their most recent revision of the SGRQ, the items themselves were scrutinized, but not the weights. Meguro and colleagues used Rasch analysis to analyze the items and subsequently recalculated the empirical weights. However, a logical integration of these two is possible in a two-parameter IRT model. Our results indicated that the estimates of the latent trait based on our 2PL IRT model showed a very high correlation with the SGRQ total score. In our opinion, this implies that a 2PL IRT model is highly suitable to ''capture'' the relative importance people assign to QoL items and could thus safely replace older, more cumbersome methods. However, it should be noted that the latent trait estimates based on the 1PL IRT (Rasch) model already showed a strong correlation with the SGRQ total scores.
In conclusion, we found psychometric support for the use of a unidimensional total score of the SGRQ. However, nineteen of the 50 items had poor psychometric properties. Importantly, omitting these items from the analyses did not lead to a substantive decrease in measurement precision. More research is needed to investigate how to best take into account the multidimensionality in this instrument; based on our findings, it is not advised to use the original subscales. Users who want to use the SGRQ as a stand-alone instrument may consider using the SGRQ-C instead or leave out a number of items based on the findings of this study. Before deciding which SGRQ items to use in our CAT, we will first conduct a cognitive interview study with COPD patients, which may lead to rewording certain items before they are added to our item bank. Such a study could possibly also generate useful qualitative information that may help explain why certain items performed poorly in this study. Finally, we found a very strong correlation between the SGRQ total score calculated using the original ''empirical'' weights and the IRT-based total score as calculated in this study. If our findings are generalizable to other QoL instruments, researchers need no longer invest time and money in acquiring ''empirical'' weights, but could use IRT to obtain comparable results.
